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The Lower Mississippi Alluvial Valley (LMAV) was once the largest floodplain in the
United States. Flooding regimes in the LMAV have strong impacts on the soil biogeochemical
processes, nutrient cycling, forest species distribution, agricultural production, and wildlife
habitat. This study characterized the LMAV flooding regimes using the 8-day-composite Moderate
Resolution Imaging Spectroradiometer (MODIS) surface reflectance product from 2001 – 2018.
The results showed significant spatial variations in the annual flooding duration in the
LMAV, and the flooding area showed remarkable seasonal variations in the northern and central
LMAV with the peak flooding area in winter and early spring. Digital Elevation Model (DEM)
and slope were identified as the two major factors in determining the spatial pattern of flooding
regimes. The LMAV flooding regimes dataset provides a scientific basis for the governments to
design forest, agriculture, and wildlife management policies to enhance ecosystem services.
Landowners also can use this information to make decisions for cropland retirement and tree
plantation.
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CHAPTER I
INTRODUCTION
1.1

Background Information
Flooding is one of the most widespread natural phenomena on the global land surface. It

plays a critical role for the floodplain in shaping the spatial pattern of vegetation species,
ecosystem biogeochemical processes, vegetation productivity, and biodiversity (Alho, 2008;
Hughes, 1990). The flooding regimes (including area, frequency, duration, seasonality, etc.)
depend on various environmental and anthropogenic factors, such as soil texture, climate
condition, topography, land cover type, and human activities. Notably, flooding regimes in many
regions of the world have been significantly altered over the past century due to the intensified
human activities, such as the large-scale channelization and construction of levee and dam
systems. The changed flooding regimes further lead to a different pattern in biome types,
ecosystem functions, and ecosystem services.
Scientists have reported floods can modify the ecosystem primary production, water
regulation, and recreation values (Talbot et al., 2018). Vegetation is also related to flooding in a
forested ecosystem. There are studies about the contribution of floods to the growth of the
aboveground plant biomass in some communities (Hamdan et al., 2010). After years of increased
flooding, the riparian plant biomass increased while the riparian species richness declined
(Garssen et al., 2017). The movement patterns of animals and the dynamics of microbial
communities can be affected by floods (Emerson et al., 2015; Wassens et al., 2008). For
1

example, flooding played a role in facilitating the movement patterns of frogs. Frogs remained
close to or in irrigation canals during flooding seasons. Fungal abundances in flooded areas were
estimated to be three times higher than non-flooded areas. In addition, inundation duration and
frequency were identified to be the factors that led to differences in vegetation growth rate and
productivity. Studies showed the decomposition of plant litter is of vital importance to the
process of ecosystems because nutrient cycling depends on the decomposition of organic
material (Attiwill & Adams, 1993; De Angelis et al., 2000). Further studies showed that areas
with long inundation periods were more likely to experience suppressed decomposition and
reduced nutrient release from plant litter which result in a slower nutrient cycling rate (Baker et
al., 2001). Flooding had the potential to affect the productivity of vegetation. Floods and
sediment have been found to delay the germination of some seedlings in an additive manner and
enhance forest mortality rate (Walls et al., 2005). Duration and seasonality of inundation strongly
influenced wetlands plants abundance and species composition. Few of the plants grew during
autumn and biomass production was significantly reduced (Warwick & Brock, 2003). They
pointed out that the maintenance of long periods of deep inundation will ultimately lead to low
species richness and dominance of flood adapted submerged species. Pollock et al. (1998)
proposed that the richness of species such as Picea, Alnus, and Tsuga had connections with flood
frequency. Sites with intermediate flood frequencies contained more species compared to those
with low or high flood frequencies.
The Lower Mississippi Alluvial Valley (LMAV) was once the largest floodplain in the
United States during the historic period (Kozlowski, 1984). The LMAV is rich in plant and
wildlife resources with more than 70 commercial tree species, 107 land bird species, and at least
100 fish species (Putnam et al., 1960). The valley once supported the largest expanse of forested
2

wetlands in the United States. Rich alluvial soils received periodic sediment additions from the
world’s third-largest river and supported highly productive ecosystems (Putnam et al., 1960; J.
A. Stanturf, n.d.). Bottomland hardwood (BLH) forests were the dominant vegetation type
distributed across the entire LMAV but experienced a considerable area shrinkage since the
European settlement. It has become one of the most endangered ecosystems in the United States
(D. Zhao et al., 2005). Currently, more than 80% of the BLH forests have been cleared for
agricultural use and the BLH forests only account for 28% of the LMAV land area (Oswalt,
2013). Recently, there are increasing bottomland hardwood forests that have been converted to
croplands due to agricultural development (Conservancy, 1992). The LMAV floodplain provides
essential habitats for wildlife, particularly the migration waterfowls and songbirds. About 40% of
North America’s migratory waterfowl and 60% of the U.S. bird species utilize the LMAV
floodplain as their major flyway to the Gulf of Mexico (Junk et al., 1989). The flooded
agricultural lands and BLH areas provided abundant food resources for waterfowls and other
birds. For example, in the Mingo Basin, female mallards foraged intensively in newly flooded
BLH sites and consumed many different food types during floods. Flooding duration in the
LMAV strongly affected the migratory stopover in winter, and further influenced waterfowl
populations in the LMAV and North America (Hagy & Kaminski, 2012; Heitmeyer, 1985).
Flooding regimes in the LMAV have been significantly altered because of the
construction of levees, drainage works, dams, and stream channelization (Theiling & Nestler,
2010). Until now, over 5900 kilometers (km) of levees have been developed in the LMAV to
manage river water level and prevent overbank flooding (Berkowitz et al., 2019). Compared to
the historical conditions, the frequency of overbank river flooding has been reduced while
backwater flooding is getting more frequent. For example, in 2019, Yazoo River Basin (one
3

major river basin in the LMAV) experienced a backwater flooding on over 200,000 hectares (ha)
lasting for about four months because of the high precipitation amount and the high-water level
in the Mississippi River.
Due to the relatively flat landscape and low elevation (41 meters on average), the LMAV
has been subject to frequent flooding events by the Mississippi River and its tributaries. In the
LMAV, flooding regimes affect vegetation survival, growth, reproduction and determine the
spatial distribution of vegetation species. Bald cypress (Taxodium distichum) and water tupelo
(Nyssa aquatica) are the dominant species in areas with permanent flooding and soil saturation;
overcup oak and hickory reside where inundation persists more than a quarter of the growing
season; while sweetgum, sugar hackberry, and many other oak species are found where flooding
mainly occurs in the dormant season (i.e., winter and early spring) (Reinecke et al., 1989).
Flooding regimes are one major consideration for farmers to make decisions on where to do
reclamation and afforestation. Forests with lower flooding frequency and shorter flooding
duration tend to be cleared earlier for crop cultivation. On the contrary, the agricultural lands
with high flooding frequency are often regarded as marginal croplands and retired earlier for
BLH plantation. A map of the LMAV flooding regimes, therefore, is important to delineate the
marginal agricultural lands and help landowners determine the suitable sites and tree species for
BLH plantation.
1.2

Literature Review
Among all kinds of natural phenomena of the world, flooding is probably the most

widespread and frequent. To help with managing natural resources, protecting wildlife habitats,
and species diversity, numerous scientists have devoted themselves to flood mapping and flood
4

detection. During recent years, remote sensing technology and geographic information system
(GIS) have become powerful tools in flood monitoring and greatly facilitated the operation of
flood assessment (Sanyal & Lu, 2004).
Satellite remote sensing is the major geospatial technique to monitor flooding patterns at
the regional scale. By analyzing the data in different bands, scientists can identify different land
types. Both the space-borne Synthetic Aperture Radar (SAR) and optical remote sensing have
been previously adopted to study flooding regimes across regions of the world. The satellite
radar signal is sensitive to land surface water and has been implemented to depict the inundation
distribution in the Amazon floodplain and the boreal region (Martinez & Le Toan, 2007; Watts et
al., 2012). Imageries from optical remote sensors, such as Landsat Enhanced Thematic Mapper
Plus (ETM+), SPOT, and Moderate Resolution Imaging Spectroradiometer (MODIS), have also
been implemented for regional inundation detection in Beijing, Mekong delta, and Russia
(Martinis et al., 2013; Nguyen et al., 2012; Shen & Li, 2010). Scientists further linked flood
mapping with ecology. Michener and Houhoulis (1997) used satellite data to reveal the
relationship between ground-cover vegetation and flooding. Sims and Colloff (2012) developed
an approach to evaluate the productivity of floodplain vegetation. It has been concluded that a
flood that is inundated long term can increase the biomass of vegetation after flood recession.
River flooding is important for the ecological functioning of river floodplains. River floodplains
are highly dynamic systems, and their hydrology is closely related to the dynamics of the river
which seasonally irrigates and drains the floodplain. To address this issue, satellite images were
used to classify the inundated area and got satisfactory results. The extent of the inundated area
obtained by Global Position System (GPS) and remote sensing is very similar (88% overlap)
(Chormanski et al., 2011).
5

Numerous satellite-based water indices have been developed to detect the inundation
pixels, of which Normalized Difference Water Index (NDWI) is the most popular index to
discriminate water pixels from land pixels (McFeeters, 1996). Ahmed and Akter studied the
landcover changes with NDWI and found its prominence to identify vegetation and water covers.
NDWI shows a seasonal impact on vegetation and water cover, where after every dry season
there is an increase of vegetation cover and a decrease of water cover; and after wet seasons
there is an increase of water cover but a decrease of vegetation cover. Furthermore, NDWI is
clear with the seasonal variation detection of vegetation cover changes and water surface area
detection. It is sensitive to changes in liquid water content of vegetation canopies and is effective
to detect the changes in surface water (Ahmed & Akter, 2017). Özelkan further compared three
kinds of NDWI models, which were NDWI(Green, NIR), NDWI(Green, SWIR1), and NDWI(Green, SWIR2). It
has been concluded that the NDWI(Green, NIR) was the best NDWI model for water body detection,
and water input-output such as precipitation and evaporation was the decisive factor in terms of
the error of results (Özelkan, 2020). Ganaie et al. (2013) used NDWI to delineate the floodaffected areas and water bodies to deal with flood management operations. According to the
study, the NDWI was used to delineate open water features and enhance their presence in remote
sensing imageries. Water and non-water areas were isolated by this index.
Xu (2006a) proposed the Modified Normalized Difference Water Index (MNDWI) which
improved the performance by enhancing the difference between water pixels and the built-up
land pixels. According to the research, NDWI imagery is often mixed with built-up land noise.
The NDWI failed to suppress the signal from built-up land efficiently so that enhanced or
extracted water features are still mixed with other land noise. Therefore, Xu (2006a) improved
the index to remedy this problem. In that study, the NDWI was modified by substituting the
6

middle infrared (MIR) band for the near infrared (NIR) band. The MNDWI can produce three
results to enhance accuracy. First, water will have greater positive values than in the NDWI as it
absorbs more MIR light than NIR light; second, built-up land will have negative values as
mentioned above; third, soil and vegetation will still have negative values as soil reflects MIR
light more than NIR light and the vegetation reflects MIR light still more than green light. In
consequence, the contrast between water and built-up land of the MNDWI will be considerably
enlarged owing to increasing values of water features and decreasing values of built-up land.
More accurate extraction of open water features through the MNDWI has been achieved. For
example, Wang et al. (2013) developed a method of combing MNDWI with K-T transformation.
The results showed that the proposed method could not only remove the influence of mountain
shadow of the MNDWI method alone but also avoided the confusion of water and buildings
existing in images after K-T transformation. The results obtained an accuracy up to 93%.
Masocha et al. (2018) mapped surface water bodies in Zimbabwe using MNDWI and achieved
an overall classification accuracy of 84% and an average reliability of 87%.
Feyisa et al. (2014) proposed an Automated Water Extraction Index (AWEI) in 2014 and
utilized different formats of AWEI for scenes with shadows and without shadows. The AWEI
can improve classification accuracy in areas that include shadow and dark surfaces that other
classification methods often fail to classify correctly. Another index for water body or flooding
identification is the Land Surface Water Index (LSWI). Scientists utilized the LSWI to detect
spatiotemporal changes of flooding and map wetland areas and flood inundation areas (Yan et
al., 2010; Islam et al., 2010; Amarnath et al., 2012; Dong et al., 2014b).
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These indices are often used in combination with vegetation indices (such as the
Enhanced Vegetation Index, EVI, and the Normalized Difference Vegetation Index, NDVI) to
improve the accuracy of the estimated inundation area (Sakamoto et al., 2007; Xiao et al., 2005).
Although flooding is important to maintain multiple ecosystem services in the LMAV,
our knowledge regarding flooding regimes in this region is still very limited. To the best of our
knowledge, Allen (2015) is the only study to reveal flooding frequency in the LMAV, which
implemented land cover classification to identify water pixels based on 1,334 Landsat imageries
and estimated the average inundation frequency between 1983 and 2011. However, other
characteristics of flooding regimes, such as duration and seasonality, have not been investigated
yet, probably due to the long revisit period of the Landsat satellites (16 days). Comparing to the
medium-resolution remote sensing, MODIS has a larger viewing swath (2,330 km) and shorter
revisit cycle (1 day in the middle-latitudes), which can be utilized to retrieve the continuous
time-series of inundation maps. For example, Xiao (2005) used the multi-temporal MODIS
imageries to identify the 8-day dynamics of inundated paddy rice fields in 2002; Huang (2014)
investigated the annual maximum inundation area in the Murray-Darling Basin in Australia using
MODIS imageries from 2001 to 2010, and Sakamoto (2007) examined the temporal changes of
annual flooding in Mekong Delta in Southeast Asia.
1.3

Study Objectives
The study attempts to map the spatial distribution and detect the temporal variations of

the regional flooding in the LMAV using the MODIS surface reflectance product during 20012018. Specifically, the objectives are to (1) detect the inundation pixels in each MODIS
imageries through a well-developed water detection algorithm using both satellite-based
8

vegetation and water indices; (2) map the spatial pattern of flooding distribution in the LMAV
and estimate the seasonal and inter-annual dynamics of flooding area, and (3) identify the critical
environmental factors controlling the spatial pattern of the LMAV flooding regimes. Results in
this study are expected to provide policymakers and landowners a scientific basis to make plans
and design policies for cropland retirement, forest plantation and wildlife habitat management.

9

CHAPTER II
MATERIALS
2.1

Study Domain
The LMAV boundary in this study was obtained from the United States Environmental

Protection Agency (EPA) Level III ecoregion (Omernik & Griffith, 2014), extending from
southern Illinois to the Gulf of Mexico with a total land area of 11.3 million ha (Figure 1). This
region has a humid subtropical climate with an annual mean temperature of 17.6 ℃ and annual
precipitation of 1,363 mm yr-1 in recent decades (Yang et al. 2019). During the study period, the
Central Louisiana Coastal watershed has the highest annual precipitation (1695 millimeters)
compared to other watersheds (Table 1). The Central Louisiana Coastal watershed has the
highest temperature compared to other watersheds (Table 2) and there is an increasing
temperature from January to July and a decreasing temperature from July to December.
According to the National Land Cover Database (NLCD), cropland accounts for more than half
of the land area. Besides the analysis in the entire LMAV, this study selected seven major
Hydrologic Unit Codes (HUC)-8 watersheds to investigate the spatial variations of flooding
regimes and the controlling factors. The seven selected watersheds are St. Francis watershed,
Lower White watershed, Lower Grand watershed, Lower Arkansas watershed, Central Louisiana
Coastal watershed, Boeuf-Tensas watershed, and Big Sunflower watershed (Figure 1).
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Figure 2.1

Study Domain and the Seven Selected Hydrologic Unit Codes (HUC) Level 8
Watersheds for Flooding Regime Analysis (1: St. Francis Watershed, 2: Lower
White Watershed, 3: Lower Grand Watershed, 4: Lower Arkansas Watershed, 5:
Central Louisiana Coastal Watershed, 6: Boeuf-Tensas Watershed, and 7: Big
Sunflower Watershed). The Land Use and Land Cover Type are Extracted from
the National Land Cover Database (NLCD) 2016

11

Table 2.1

Monthly Average Precipitation (mm) from 2001 to 2018 in Selected Watersheds in
the Lower Mississippi Alluvial Valley
Central
St.

Lower

Lower

Lower

Francis

White

Grand

Arkansas

Boeuf-

Big

Tensas

Sunflower

Louisiana
Coastal
Jan

91.27

92.42

143.08

94.56

112.36

129.94

124.24

Feb

108.78

117.29

137.81

121.86

108.74

141.51

135.53

Mar

128.48

132.27

116.61

136

108.11

137.12

131.37

Apr

136.6

139.78

124.53

139.07

110.92

129.74

140

May

154.59

158.18

150.11

147.38

130.22

124.3

131.87

Jun

80.89

77.98

179.59

77.32

190.21

98.44

93.74

Jul

100.13

91.4

142.97

85.04

207.87

104.6

102.62

Aug

83.64

85.05

178

91.85

220.8

108.69

93.98

Sep

90.53

95.53

135.87

92.09

168.54

96.88

101.22

Oct

101.49

110.78

122.04

122.09

117.35

127.79

121.38

Nov

120.66

124.81

104.53

121.27

83.51

131.6

123.05

Dec

143.76

157.29

158.63

163.54

136.04

158.71

157.82
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Table 2.2

Table 1 Monthly Temperature (℃) from 2001 to 2018 in Selected Watersheds in
the Lower Mississippi Alluvial Valley
Central
St.

Lower

Lower

Lower

Francis

White

Grand

Arkansas

Boeuf-

Big

Tensas

Sunflower

Louisiana
Coastal
Jan

7.87

3.85

9.8

4.81

12.12

6.85

5.72

Feb

10.19

5.52

11.82

6.46

13.72

8.69

7.56

Mar

15.13

10.39

15.39

11.23

17.28

12.95

12.08

Apr

19.34

15.75

19.04

16.29

20.71

17.5

17

May

21.54

20.11

22.59

20.48

24.34

21.43

21.11

Jun

22.49

24.61

25.72

24.77

26.23

25.18

25.07

Jul

20.6

25.67

26.51

25.92

26.64

26.28

26.05

Aug

18.23

25.39

26.48

25.71

26

26.27

26.08

Sep

15.66

22.02

24.56

22.44

23.39

23.53

23.2

Oct

11.47

16.18

19.87

16.7

18.71

18.02

17.55

Nov

8.45

10.51

14.82

11.12

15.14

12.6

11.87

Dec

6.87

5.59

11.33

6.41

11.67

8.45

7.51

2.2

Datasets
Datasets used in this study can be grouped into four categories: remote sensing data, land

use and land cover, topography, and river network. These datasets were collected from various
sources and processed to retrieve flooding regimes and explain the spatial patterns.
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2.2.1

Remote Sensing Data
The study collected two sets of surface reflectance products from MODIS and Landsat,

respectively. MODIS MOD09A1 reflectance product from 2001 to 2018 was downloaded from
USGS LP DAAC (https://lpdaac.usgs.gov/products/mod09a1v006/), which contains the 8-day
composite surface reflectance in seven bands (three visual spectral bands, one near infrared band,
and three shortwave infrared bands) at a 500-meter resolution. Eight-day composite imageries
were to reduce the impacts of clouds, shadow, and aerosol loading. To make a comparison with
the flooding area derived from MODIS, the study collected the 30-m surface reflectance data
from Landsat 8 Operational Land Imager (OLI) sensor. The Landsat 8 reflectance product was
downloaded from USGS EarthExplorer (http://earthexplorer.usgs.gov). The study set criteria of
cloud cover and shadow less than 10% to limit cloud and shadow contamination. Finally, eight
Landsat scenes were selected covering a large part of the LMAV (Figure 2.2). The study did not
use annual aggregated Landsat-based results to make a comparison because the frequent cloud
cover in the LMAV reduced Landsat imageries quality and the available Landsat imageries in the
whole year.
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Figure 2.2

2.2.2

The Location and Dates of the Selected Landsat Scenes in the Lower Mississippi
Alluvial Valley

Land Use and Land Cover
NLCD provides nationwide land cover and land cover change data at a 30-meter spatial

resolution based on the modified Anderson Level II classification system (Homer et al., 2015).
This study utilized the NLCD 2016 land use and land cover data. The land cover types in NLCD
2016 were further aggregated into five major land cover groups, namely, cropland, developed
15

land, water and wetland, woodland, and herbaceous land. The woodland group contains both
forest and shrubland in the original NLCD data. Then the fractions of each of the five major land
cover groups in the 500-m MODIS pixels were calculated (Figure 2.3).
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Figure 2.3

Spatial Patterns of Land Cover Percentages in Each 500-m Pixels Extract from the
National Land Cover Database (NLCD) 2016 in the Lower Mississippi Alluvial
Valley
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2.2.3

Topography
Topography data in this study included both Digital Elevation Model (DEM) and slope.

The DEM data in the LMAV was extracted from the Shuttle Radar Topography Mission (SRTM)
product (L. Yang et al., 2011), which provides a global DEM at a spatial resolution of 1 arc
second (approximately 30-meter horizontal posting at the equator). The SRTM DEM data was
resampled to a resolution of 25 m. Thereafter, the slope was computed from the 25-m DEM
using the “Surface” functions in ArcGIS 10.7. The average DEM and slope in each 500-m pixels
were developed by aggregating the 25-m data (see the spatial pattern of elevation and slope in
Figure 2.4).
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Figure 2.4
2.2.4

Spatial Patterns of Elevation and Slope in the Lower Mississippi Alluvial Valley

Major River Channels
Major river channels were from the USA rivers and streams map available at the ArcGIS

data hub (https://hub.arcgis.com/datasets/esri::usa-rivers-and-streams). This data was developed
by ESRI, the National Atlas of the United States, and the United States Geological Survey.
Distance from each 500-m pixels to their nearest river/stream channel was computed using the
“Euclidean Distance” function in ArcGIS 10.7 (see the spatial pattern of distance to nearest
rivers/streams channel in Figure 2.5).
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Figure 2.5

Spatial Patterns Distance to Nearest River/Stream Channel in the Lower
Mississippi Alluvial Valley
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CHAPTER III
METHODS
3.1

Algorithm Based on MODIS Reflectance
The study extracted inundation pixels from the MODIS-based Vegetation Index (i.e., the

enhanced vegetation index, EVI), water index (i.e., Land Surface Water Index, LSWI), and the
Difference Value between EVI and LSWI (DVEL). The method to identify inundation pixels
was adapted from the well-established approach by Xiao (2005) and Sakamoto (2007). EVI is an
optimized vegetation index to enhance vegetation signal and improve vegetation monitoring
capacity through a decoupling of the canopy background signal and a reduction in atmosphere
influences (Huete et al., 2002). This study calculated the 8-day EVI data rather than using the
MODIS 16-day EVI product (MOD13A) to enhance temporal resolution. EVI was computed as,

(3.1)

where 𝜌𝑁𝐼𝑅 , 𝜌𝑟𝑒𝑑 and 𝜌𝑏𝑙𝑢𝑒 are the MODIS surface reflectance in the near infrared (NIR), red
and blue bands. In MOD09A1, the spectral range is 841 – 876 nanometers (nm) for NIR band,
620 – 670 nm for red band, and 459 – 476 nm for blue band. 𝐺 is gain factor; 𝐶1 , 𝐶2 are the
coefficients of the aerosol resistance term to correct aerosol impacts on the red band. 𝐿 is to
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make the canopy background adjustment to addresses the nonlinear NIR and red radiant transfer
in the canopy (Huete et al., 2002). In this equation, 𝐺 = 2.5, 𝐶1 = 6, 𝐶2 = 7.5 and 𝐿 = 1.
The SWIR band is very sensitive to vegetation water and soil moisture content (Huntjr &
Rock, 1989), and satellite-based water indices often include reflectance in the SWIR band to
distinguish water and land pixels. The LSWI in this study was calculated using reflectance in the
NIR band and SWIR band (Sakamoto et al., 2007),

(3.2)

where 𝜌𝑁𝐼𝑅 and 𝜌𝑆𝑊𝐼𝑅 are the MODIS surface reflectance in NIR band (841 – 876 nm) and
SWIR (1628 – 1652 nm). The pixels with a large LSWI value often refer to water pixels. DVEL
is calculated as the difference between EVI and LSWI (DVEL = 𝐸𝑉𝐼 − 𝐿𝑆𝑊𝐼), which is to
remove the false water pixel identification (Sakamoto et al., 2007; Xiao et al., 2005).
The time-series of EVI, LSWI, and DVEL were processed using the Savitzky-Golay (SG) filter to smooth out noise. S-G filter can be regarded as a weighted moving average filter with
weighting given through a polynomial function. When applied to the time-series satellite indices,
the weight coefficient carries out a polynomial least-squares fit in the filtering window. This
polynomial function preserves higher moments in the time series and removes the noises caused
by cloud, aerosol, and satellite sensors (Schafer, 2011). This study set the size of the moving
window to 5 and the polynomial order to 3 in the S-G filter (Figure 3.1).
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Figure 3.1

Flowchart of Getting Smoothed Data through Savitzky-Golay Filter

These 500-m MODIS pixels were divided into non-flood pixels, water-related pixels,
flooding pixels, and waterbody pixels based on the smoothed indices. The procedure is shown in
Figure 3.2 and the parameters were adapted from Xiao (2005) and Sakamoto (2007). Pixels with
EVI greater than 0.3 were classified as non-flood pixels; pixels with EVI less than or equal to 0.3
and DVEL less than 0.05 were classified as water-related pixels; and pixels with EVI less than or
equal to 0.05 and LSWI less than or equal to 0 were classified as water-related pixels. These
parameters have been tested valid in rice paddies, natural wetlands, and open water areas across
the world (Dong et al., 2014a; Zhou et al., 2017). Next, water-related pixels were separated into
flooding pixels and permanent waterbody pixels based on the annual inundation period.
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Permanent waterbodies were assumed as the pixels with an annual flooding duration of over 250
days.
The inundation pixels were processed to retrieve the regional flooding probability, area,
duration, and seasonality. In this study, flooding probability is defined as the percentage of years
with flooding occurring to the total years of the study period. Seasonality was represented by the
8-day time-series of flooding area.

Figure 3.2

3.2

Flowchart of Inundation Pixel Identification Based on MODIS Data

Algorithm Based on Landsat 8 Reflectance
The MNDWI was reported to have a better performance in identifying water pixels than

the NDWI by replacing the NIR band with the middle infrared band (MIR) (Xu, 2006b). In this
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study, the inundation pixels in the Landsat 8 imageries were detected using the 30-m MNDWI.
The MNDWI was calculated as,

(3.3)

where 𝐺𝑟𝑒𝑒𝑛 is band 3 (525-600 nm) and 𝑀𝐼𝑅 is band 6 (1560-1660 nm) in Landsat 8. This
study chose a popular MNDWI threshold value of 0.2 to discriminate the water pixels from other
pixels. Pixels with MNDWI greater than or equal to 0.2 were assumed as the inundated pixels,
while pixels with a value less than 0.2 were assumed as the non-inundated pixels. The Landsatbased flooding area was then calculated in each 10 km × 10 km grid by summing up the detected
inundation pixels to make a comparison with the MODIS-based inundation area. The study
downloaded eight scenes of Landsat imageries retrieved on June 6, 2016, October 30, 2016,
February 10, 2017, September 15, 2017, December 11, 2017, January 5, 2018, April 27, 2018,
and July 16, 2018, respectively.

3.3

Identifying Determinants of the Flooding Spatial Pattern
The study used random forest model to identify the determinants of the spatial pattern of

annual flooding duration in the seven selected HUC-8 watersheds. The random forest model is a
model with specific algorithms to do ensemble learning for classification, regression, and other
tasks. This study utilized the model to analyze how strongly each determinant can affect flooding
duration. The flooding duration in the 500-m pixels retrieved from the MODIS imageries was the
dependent variable. The independent variables to explain the spatial pattern included the pixel
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DEM, slope, distance to river, and percentages of five major land cover groups. This study also
constructed partial dependence plots to examine how the annual flooding duration is related to
DEM and slope in each watershed. Importance of the independent variables in each watershed
was computed and ranked using the increase of the Mean Squared Error (MSE). The number of
trees in the random forest model was set to 500.
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CHAPTER IV
RESULTS
4.1

Temporal Variations of Flooding Area
The flooding area in the LMAV presented significant seasonal and inter-annual

variations. During 2001 – 2018, the largest 8-day flooding area in the LMAV occurred in late
February and early March 2015 at ~4.6 × 104 km² (Figure 4.1). At the annual scale, the average
flooding area was 2.9 × 104 km² during 2001 – 2018. The largest annual flooded area was 5.5 ×
104 km² in 2015, while the lowest annual flooding area was 1.1 × 104 km² in 2006 (Figure 4.1).
Annual inundation maps showed that a large fraction of the north part of LMAV was inundated
in 2015 (Figure 4.2, 4.3). Within one year, the LMAV flooding area presented clear seasonal
variations. The flooding area was the highest in early January (1 × 104 km²) but kept a relatively
low level (0.2 × 104 km²) during summer and fall. The flooding area increased sharply from 0.2
× 104 km² to 0.9 × 104 km² in the early winter during the day of year (DOY) 320 – the end of
year.
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Figure 4.1

Temporal Variations of Flooding Area in the Lower Mississippi Alluvial Valley
during 2001 – 2018. (A) Time Series of Flooding Area in the 8-day Interval, (B)
Inter-Annual Variations of Flooding Area, and (C) Seasonal Variations of
Flooding Area Estimated as the 18-Year Average in each 8-day Period. X-Axis in
Panel C is the Day of Year
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Figure 4.2

The Spatial Pattern of Annual Flooding Area from 2001 – 2018 in the Lower
Mississippi Alluvial Valley
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Figure 4.3

The Spatial Pattern of Annual Flooding Area from 2001 – 2018 in the Lower
Mississippi Alluvial Valley (Continued)
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For the seven selected watersheds, five of them in the central and northern LMAV (i.e.,
the St. Francis watershed, the Lower White watershed, the Lower Arkansas watershed, the
Boeuf-Tensas watershed, and the Big Sunflower watershed) were associated with significant
winter flooding but much smaller flooding areas in summer (Figure 4.4, 4.5, 4.6, 4.7, 4.8, and
4.9). For example, in the St. Francis watershed (Figure 10), the flooding area was over 4000 km2
in winter while almost no flooding in summer. Flooding regimes in the southern watersheds were
quite different, which had no clear seasonal variations or higher summer flooding area (Figure
4.6 and 4.7). For example, in the Central Louisiana Coastal watershed (Figure 4.8), the summer
flooding area was between 1 × 104 km2 and 1.05 × 104 km2 and winter flooding was ~0.9 × 104
km2.
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Figure 4.4

Temporal variations of flooding area in the St. Francis Watershed during 2001 –
2018. (A) Time Series of Flooding Area in the 8-day Interval, (B) Variations of
Annual Flooding Area, and (C) Seasonal Variations of Flooding Area in the 8-day
Interval. X-Axis in Panel C is the Day of Year
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Figure 4.5

Temporal variations of flooding area in the Lower White Watershed during 2001 –
2018. (A) Time Series of Flooding Area in the 8-day Interval, (B) Variations of
Annual Flooding Area, and (C) Seasonal Variations of Flooding Area in the 8-day
Interval. X-Axis in Panel C is the Day of Year
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Figure 4.6

Temporal variations of flooding area in the Lower Grand Watershed during 2001 –
2018. (A) Time Series of Flooding Area in the 8-day Interval, (B) Variations of
Annual Flooding Area, and (C) Seasonal Variations of Flooding Area in the 8-day
Interval. X-Axis in Panel C is the Day of Year
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Figure 4.7

Temporal variations of flooding area in the Central Louisiana Coastal Watershed
during 2001 – 2018. (A) Time Series of Flooding Area in the 8-day Interval, (B)
Variations of Annual Flooding Area, and (C) Seasonal Variations of Flooding
Area in the 8-day Interval. X-Axis in Panel C is the Day of Year
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Figure 4.8

Temporal variations of flooding area in the Boeuf-Tensas Watershed during 2001
– 2018. (A) Time Series of Flooding Area in the 8-day Interval, (B) Variations of
Annual Flooding Area, and (C) Seasonal Variations of Flooding Area in the 8-day
Interval. X-Axis in Panel C is the Day of Year
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Figure 4.9

4.2

Temporal variations of flooding area in the Big Sunflower Watershed during 2001
– 2018. (A) Time Series of Flooding Area in the 8-day Interval, (B) Variations of
Annual Flooding Area, and (C) Seasonal Variations of Flooding Area in the 8-day
Interval. X-Axis in Panel C is the Day of Year

Flood Probability and Annual Flooding Duration
The LMAV flooding probability varied in space (Figure 4.10A). Generally, the flooding

probability presents a “U” shape in the latitudinal direction. The northern LMAV (34 ºN – 37.4
ºN) and the southern LMAV (29 °N - 30 °N) had a higher flooding probability than the central
LMAV (30 °N - 34 °N). During 2001 – 2018, the average flooding probability was 35.3% in the
northern LMAV, 13.2% in the central LMAV, and 34.4% in the southern LMAV. Areas with the
highest flooding probability were found in the northwest of the LMAV in Arkansas and the
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coastal region in Louisiana (> 70%), while a vast land area in north Louisiana had a low flooding
probability (less than 1%) over the study period.
Annual flooding duration was much longer in the southern LMAV than the northern and
central LMAV (Figure 4.10B). For the entire LMAV, the average flooding duration was 20 days.
The average flooding duration was 14.6 days in the northern LMAV, 8.9 days in the central
LMAV, and 36.4 days in the southern LMAV. The longest annual flooding duration was found
in the Louisiana coastal area (> 200 days per year).
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Figure 4.10

Spatial Pattern and Latitudinal Variations of the Annual Flooding Probability (A)
and Average Annual Flooding Duration (B) during 2001-2018 in the Lower
Mississippi Alluvial Valley
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4.3

Flooding Seasonality
Flooding seasonality in the LMAV showed considerable variation with latitude (Figure

4.11). North of 33 °N, the maximum flooding area was primarily in January, and the flooding
season lasted from DOY 340 to DOY 80 in the next year. Summer and Fall (DOY 160 – DOY
320) were the periods with the lowest flooding area. For the area between 30 °N and 33 °N, the
maximum flooding area shifted to early spring at around DOY 90, and the minimum flooding
area was still in summer and fall. However, for the coastal areas south of 30 °N, the flooding
season was quite different. In this region, summer, and fall (DOY 100 – DOY 300) were
associated with larger flooding area than that in the winter. These north-south variations in the
maximum flooding area date highlighted the different flooding seasonality between the inland
area and the coastal region.
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Figure 4.11

4.4

Flooding Seasonality in the Lower Mississippi Alluvial Valley. Left Panel Shows
the Julian Day with the Maximum Flooding Area in Each 0.05° Grid. Right Panel
is the Latitude vs. Time Plot of the Normalized Flooding Area (Flooding Area was
Normalized to the Range of 0 – 1 by the Minimum and Maximum Flooding Areas
in the 8-day Periods). The Numbers of Zero and One Denote the Least and the
Largest Flooding Area in the 8-Day Periods in Each 0.05° Latitudinal Band

Determinants for the Spatial Pattern of Annual Flooding Duration
The random forest model could explain 25.2% - 48.5% of the spatial pattern of the

flooding duration in the seven HUC-8 watersheds. The highest explanation percentage is in the
Big Sunflower watershed (48.5%), while the lowest explanation percentage is in the Lower
Grand watershed (25.2%). The study further ranked the order of importance of environment
variables in determining the spatial pattern of flooding probability (Figure 4.12 and 4.13).
Topographic factors, particularly the slope, were associated with the largest influences on the
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spatial pattern of flooding duration. The slope was ranked the 1st place in five watersheds (i.e.,
the St. Francis watershed, the Lower Grand watershed, the Lower Arkansas watershed, the
Boeuf-Tensas watershed, and the Big Sunflower watershed) and the 2nd place in two watersheds
(i.e., the Lower White watershed and the Central Louisiana Coastal watershed). DEM was
ranked in the 1st place in one watershed (i.e., the Central Louisiana Coastal watershed) and the
2nd place in four watersheds (i.e., the Lower Grand watershed, the Lower Arkansas watershed,
the Boeuf-Tensas watershed, and the Big Sunflower watershed). However, the land cover and
land use factors had low ranks, indicating minor impacts of land cover pattern on the LMAV
flooding regimes.
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Figure 4.12

The Order of Importance of Environmental Factors in Explaining Flooding
Duration Spatial Pattern in the St. Francis Watershed, the Lower White Watershed,
the Central Louisiana Coastal Watershed, the Lower Grand Watershed, the Lower
Arkansas Watershed, the Big Sunflower Watershed, and the Boeuf-Tensas
Watershed in the Lower Mississippi Alluvial Valley
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Figure 4.13

The Order of Importance of Environmental Factors in Explaining Flooding
Duration Spatial Pattern in the St. Francis Watershed, the Lower White Watershed,
the Central Louisiana Coastal Watershed, the Lower Grand Watershed, the Lower
Arkansas Watershed, the Big Sunflower Watershed, and the Boeuf-Tensas
Watershed in the Lower Mississippi Alluvial Valley (Continued)
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The study further evaluated the partial dependence of annual flooding duration in the
seven selected watersheds against DEM and slope (Figure 4.14-4.20), which were shown to have
a higher rank compared to the land use and land cover factors in explaining flooding duration
variations. Generally, the smaller DEM and slope were associated with longer annual flooding
duration. Flooding duration was shortened with the increased DEM. One exception is the Lower
White watershed, where flooding duration showed a peak in the area with DEM less than 40 m
and another peak in the area with DEM at ~80 m.
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Figure 4.14

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the St. Francis Watershed in the Lower Mississippi
Alluvial Valley
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Figure 4.15

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the Lower White Watershed in the Lower Mississippi
Alluvial Valley
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Figure 4.16

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the Lower Grand Watershed in the Lower Mississippi
Alluvial Valley
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Figure 4.17

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the Lower Arkansas Watershed in the Lower
Mississippi Alluvial Valley
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Figure 4.18

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the Central Louisiana Coastal Watershed in the Lower
Mississippi Alluvial Valley
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Figure 4.19

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the Boeuf-Tensas Watershed in the Lower Mississippi
Alluvial Valley
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Figure 4.20

Partial Dependence Plots of Annual Flooding Duration (Days, Y-Axis) against
DEM (m) and Slope (°) in the Big Sunflower Watershed in the Lower Mississippi
Alluvial Valley
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4.5

Comparison of Flooding Area between MODIS and Landsat Results
Eight Landsat scenes were selected to make a comparison with MODIS-based results.

Both MODIS- and Landsat-based flooded pixels were aggregated to flooding area in the 10-km
grids and plotted against each other (Figure 4.21). The slope of the fitted line (with no intercept)
is 0.939 and the R-square is 0.818, indicating the two sets of results were highly correlated and
the MODIS-based flooding area was 6% larger than the Landsat-based result. This comparison
suggested that the MODIS-based flooding detection algorithm in this study could well capture
the spatial pattern of flooding pattern in the LMAV.

Figure 4.21

Comparison of Flooding Areas Detected by MODIS and Landsat. The Detected
Flooding Pixels by MODIS and Landsat were Aggregated to Flooding Area in the
10-km Grids for Inter-Comparison Purpose
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CHAPTER V
DISCUSSION
5.1

Factors Controlling the Spatial and Temporal Pattern
Although the LMAV flooding regimes have been altered by intensified human activities

(Berkowitz et al., 2019), this study showed that the LMAV still experienced a certain period of
flooding each year, which is critical to maintain ecosystem functions and services on the
floodplain. The spatial pattern of flooding regimes in this study is generally consistent with that
in Allen (2015). Both studies showed greater flooding frequency in the northern and southern
LMAV and a relatively lower flooding frequency in the central LMAV. The spatial pattern of
flooding regimes in each LMAV watershed was generally controlled by topography factors, i.e.,
DEM and slope. Areas with lower DEM and flat landscape were associated with longer flooding
duration. However, in St. Francis watershed, the percentage of developed land was ranked
second in explaining the spatial pattern of flooding duration. Flooding probability is one of the
major considerations for urban planning and development (Kaźmierczak & Cavan, 2011). St.
Francis watershed includes a large area of urban and developed land (such as Memphis), which
explains the higher rank of developed land fraction in this watershed. The distance to river was
ranked at the first place in explaining the spatial pattern of flooding duration in the Lower White
watershed, indicating the higher importance of overbank flooding in this watershed compared to
other watersheds (Heitmuller et al., 2017).
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Results in this study showed that flooding season in the northern LMAV lasts from
winter to early spring. Precipitation could be the key factor influencing flooding seasonality.
According to the observation-based climate data, Yang (2019) reported that the highest monthly
precipitation occurred in December and January (over 120 mm month-1), while the lowest
monthly precipitation happened in August and September (less than 100 mm month-1). The high
precipitation in winter is expected to cause higher water yield and backwater flooding (Bevacqua
et al., 2019). Additionally, the relatively cold weather in winter and spring (monthly average
temperature lower than 10 ºC) could reduce evapotranspiration amount and enhance surface
water accumulation and flooding probability. However, in the coastal areas, the flooding area
was found larger in summer and fall. This phenomenon can be attributed to tidal effect, rather
than climate factors. Previous study (Zavala‐Hidalgo et al., 2003) reported that sea level in the
Gulf of Mexico reaches the highest level in September and October, which explains the larger
flooding area in summer and fall. Therefore, it is reasonable to expect that the flooding area and
duration in the southern LMAV will increase along with sea level rise in the future (Bilskie et al.,
2014).

5.2

Potential Applications of the Flooding Regimes Dataset
Dataset of flooding regimes is useful for landowners, stakeholders, and the scientific

community in multiple ways. First, mapping the spatial pattern of flooding area provides
information for the evaluation of the habitat quality for wildlife species, including but not limited
to migration waterfowl, fish species, and amphibians (Klimas et al., 1981). Flooding area in the
LMAV is the major habitat for wintering waterfowl (such as mallard and wood duck) and affects
waterfowl abundance in entire North America (Davis & Afton, 2010; Hagy & Kaminski, 2012;
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Stafford et al., 2006). Flooding regimes dataset provides important information for wildlife
management agencies and landowners to build green tree reservoirs to maintain waterfowl
habitat quality.
Second, flooding regime dataset can be used by landowners to identify the marginal
croplands in the LMAV and guide the selection of tree plantation species for afforestation. The
LMAV has experienced substantial afforestation practices stimulated by the incentive programs,
such as the Wetland Reserve Program (WRP) and Conservation Research Program (CRP), to
improve regional ecosystem services (Schoenholtz et al., 2001; J. Stanturf et al., 1998). In the
LMAV, land area with longer flooding duration and higher flooding probability is usually
associated with low crop production and can be regarded as the marginal cropland (J. Yang et al.,
2020), which is the ideal location for forest plantation. Additionally, the success of afforestation
depends on tree species flooding tolerance and local flooding regimes (King & Keeland, 1999).
Flooding regime dataset in this study can help landowners to determine the appropriate
hardwood tree species. For example, oak species need plantation sites with no flooding or short
flooding duration, while cypress and tupelo are better choices for the sites with long flooding
duration.
Third, the flooding regime dataset can help the scientific community evaluate the impacts
of regional hydrologic conditions on vegetation composition, ecosystem productivity, and
regional hydrological processes. Previous research showed that increased flooding stress can
affect species numbers, taxon richness, biomass, and productivity according to site-level
observations (Gough & Grace, 1998; Olsen & Townsend, 2005). However, impacts of flooding
regimes on ecosystem dynamics have not been quantified at the regional level. This knowledge
gap can be filled through analysis using the flooding regime dataset in conjunction with the
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datasets of regional ecosystem biomass (Lefsky, 2010; Baccini et al., 2004) and productivity (M.
Zhao et al., 2005). The flood regimes map can also be used to benchmark and validate the
hydrologic model simulations of inundation areas and duration (Khan et al., 2011). Hydrologic
model with high accuracy is critical to understand the availability of surface water and
groundwater and improve regional water use management (Naughton et al., 2017).
5.3

Advantage and Limitations of This Work
This study reconstructed the LMAV flooding regimes using the 8-day MODIS

reflectance products. Compared to the medium resolution satellite remote sensing (such as
Landsat), MODIS has a short revisit period (1 day), which made it possible to quantify the
monthly and seasonal variations of flooding area. Allen (2015) estimated inundation frequency
in the LMAV based on 1334 Landsat imageries using land cover classification approach.
However, the results in Allen (2015) did not include the temporal variation of flooding area
likely due to the longer revisit period of Landsat (16 days). Results in this study are the first time
to illustrate the seasonal flooding pattern in the LMAV.
It acknowledged that the flooding regime dataset is subject to uncertainties mainly from
the relatively coarse satellite spatial resolution (500 m). This uncertainty could be even larger for
the area with complex topography. This limitation could be potentially mitigated through the
following methods. The first method is to estimate the water area fraction in each pixel using the
Spectral Mixture Analysis (Somers et al., 2011). The pixel reflectance can be assumed as a
mixture of reflectance of various endmembers. Fractions of endmembers (including water) can
be estimated by solving the reflectance equations in multiple MODIS bands. Another potential
method is to use medium-resolution satellite imageries with a finer temporal resolution. For
example, the Harmonized Landsat and Sentinel-2 dataset (HLS) has been developed by
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combining Landsat and Sentinel imageries through spatial co-registration and spectral bandpass
adjustment (Claverie et al., 2018). The HLS enables global observations every 2-3 days, making
it possible to monitor the monthly and seasonal dynamics of flooding area changes.
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CHAPTER VI
CONCLUSIONS
The LMAV has a large area of floodplain, which is home to numerous plant and wildlife
species and provides critical ecosystem services for humans. This study developed the flooding
regimes dataset in the LMAV using the 8-day composite MODIS reflectance product during
2001 – 2018 and evaluate flooding spatial and temporal patterns in the LMAV. Results showed
that the northern and southern LMAV experienced higher flooding probability and longer annual
flooding duration compared to the central LMAV. Flooding showed a significant seasonal
pattern in the northern and central LMAV with the largest flooding area happened in winter and
spring. However, flooding area did not have clear seasonal variations in the southern LMAV.
Results also showed that the topography factors (i.e., DEM and slope) were more important in
determining the spatial pattern of flooding duration in the selected major watershed. This study is
important for landowners to adopt optimized land management practices and make land use
decisions to improve wildlife habitat quality and ecosystem productivity and biodiversity. It also
provides useful information to understand regional hydrological processes and flooding impacts
on ecosystem dynamics.
In conclusion, LMAV is severely afflicted by floods. It has the highest flooding frequency
and the longest flooding time. The central part of LMAV is relatively drier for it is seldom affected
by flooding. According to this study, flooding mainly occurs in winter and spring, and flooding
seldom occurs in summer. Flooding area can vary greatly from year to year which means we can
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differentiate drought years and flood years in LMAV. This study indicated three factors, which are
the DEM value, the slope value, and the value of distance to river, that have strong impacts on
flooding duration.

The findings state clear flooding regimes which can provide efficient

instructions for policymakers to improve restoration, forest management, and ecosystem
protection.
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